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The purpose of this study was to develop a model for predicting tablet properties after an accelerated 
test and to determine whether molecular descriptors affect tablet properties. Tablets were prepared using 81 
types of active pharmaceutical ingredients, with the same formulation and three different levels of compres-
sion pressure. The tablet properties measured were the tensile strength and disintegration time of tablets 
after two weeks of accelerated test. The material properties measured were the change in tablet thickness 
before and after the accelerated test, maximum swelling force, swelling time, and swelling rate. The acquired 
data were added to our previously constructed database containing a total of 20 material properties and 3381 
molecular descriptors. The feature importance values of molecular descriptors, material properties and the 
compression pressure for each tablet property were calculated by random forest, which is one type of ma-
chine learning (ML) that uses ensemble learning and decision trees. The results showed that more than half 
of the top 25 most important features were molecular descriptors for both tablet properties, indicating that 
molecular descriptors are strongly related to tablet properties. A prediction model of tablet properties was 
constructed by eight ML types using 25 of the most important features. The results showed that the boosted 
neural network exhibited the best prediction accuracy and was able to predict tablet properties with high 
accuracy. A data-driven approach is useful for discovering intricate relationships hidden within complex and 
large data sets and predicting tablet properties after an accelerated test.
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Introduction
In the design of oral solid dosage forms, it is important to 

optimize various design variables to consistently produce dos-
age  forms  that  meet  multiple  quality  attribute  specifications. 
For example, tablet design variables include formulations such 
as the type and ratio of excipients, and the manufacturing 
method such as the type of manufacturing equipment, process 
flow,  and  process  parameters.1) Because there are more than 
1000 types of excipients, there are a vast number of possible 
combinations  of  excipients.  The  relationship  between  these 
design variables and quality characteristics is a complex one, 
in which various factors  interact. Quality characteristics often 
also  have  a  trade-off  relationship with  each  other,  and  thus  it 
is extremely difficult to design a product so that multiple qual-
ity attributes satisfy the standard. In addition, the relationship 
between  these  design  variables  and  quality  attributes  varies 
significantly  depending  on  the  type  and  amount  of  the  active 
pharmaceutical ingredients (APIs) to be compounded,2) so that 
pharmaceutical  design  must  be  performed  each  time  a  new 
drug candidate compound is created. Against this background, 
predicting the optimal design for the solid dosage form is dif-

ficult  and  still  relies  heavily  on  the  traditional  trial-and-error 
approach of pharmaceutical researchers.3)

One  way  for  breaking  out  of  the  traditional  trial-and-error 
approach is the data-driven approach. This approach is to 
make  decisions,  solve  problems,  and  gain  new  knowledge 
based  on  big  data,  which  is  a  vast  store  of  information  of 
various types, and the results of analysis processed by ma-
chine learning (ML) algorithms. Data-driven approaches have 
already  been  studied  in  many  other  fields,  including  materi-
als science.4,5)  In  the  traditional  approach,  new  materials  are 
discovered by experiment, theory, and computation. In data-
driven materials science, by contrast, databases are built and 
new materials are discovered through ML. For example, if one 
wants  to  predict  the  physicochemical  properties  of  a  particu-
lar substance, a database is constructed by acquiring various 
characteristics, so-called features, about the substance. The 
features may include molecular descriptors and, in the design 
of oral solid dosage forms, material properties, formulations, 
manufacturing methods, and information obtained from 
process analysis techniques. By modeling the acquired data 
through ML,  it  is possible  to predict  a  specific physicochemi-
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cal property from the features and to identify the importance 
of the features. Furthermore, it predicts the composition and 
manufacturing  process  that  will  enable  the  preparation  of  a 
product with the desired properties.
In  the  field  of  the  design  of  oral  solid  dosage  forms,  there 

have been several reports on data-driven approaches. In 
this  field,  based  on  the  concept  of  quality  by  design,  small 
datasets are constructed mainly according to the design of 
experiments, and multiple regression analysis or partial least 
squares (PLS) has been used to model causal relationships.6–8) 
In  recent  years,  several  cases  have  been  reported  in  which 
databases containing more information than ever before have 
been constructed and complex relationships have been mod-
eled  using  more  powerful  ML.9–16) For instance, Paul et al. 
produced  26  different  types  of  tablets with  different  excipient 
types  and  amounts  and  different  tableting  pressures.17) They 
showed  by ML  such  as  PLS  and  random  forest  (RF)  that  the 
compaction  parameters  and material  properties  were  strongly 
related to capping tendency. Galata et al. prepared 56 different 
tablets  with  different  percentages  of  API,  and  hydroxypropyl 
methylcellulose (HPMC), compression force, and HPMC parti-
cle size fractions.18) They showed that ML types such as artifi-
cial neural networks  (ANN), support vector machines  (SVM), 
and ensemble of regression trees can accurately predict dis-
solution  profiles  from near-IR  spectra,  tableting  pressure,  and 
HPMC particle size distribution. Takayama et al. prepared 112 
types of  tablets with different  types and API amounts.19) They 
showed  that  a  four-layered  ANN  can  accurately  predict  the 
dissolution profiles based on the physicochemical properties of 
the API and the powder properties.
In  earlier  work,  we  constructed  a material  library  contain-

ing 3381 types of molecular descriptors, 20 types of material 
properties, and 3 types of tablet properties (tensile strength 
(TS), disintegration time (DT), and tablet density) for 81 
APIs,20–22)  being  one  of  the  largest  raw material  property  da-
tabases  in  terms of API  types and  tablet properties. Then, we 
applied RF and boosted tree (BT) to our material library and 
developed a model to predict the TS and DT values of tablets 
from the API characteristics and compression pressure. We 
have  shown  that  RF  and  BT  could  predict  tablet  properties 
more  accurately  than  PLS, which  is  commonly  used  in  phar-
maceutical development, and that molecular descriptors are 
closely related to the tablet density and the true density of the 
API. Based on  these  studies,  in  the current work we  focus on 
the following three issues.

(1) Expansion of the material library. The storage stability 
of tablets is one of the fundamental properties in pharma-
ceutical development. If the tablet properties after storage 
can be predicted, the development period could be reduced 
significantly. However,  to our knowledge,  there  is no database 
that contains post-storage tablet characterization data for a 
wide variety of APIs. Takagaki et al. have constructed a data-
base regarding the physicochemical properties of APIs, tablet 
hardness, and DT values after the accelerated test, but only 
five API  types  are  available.23)  Therefore,  we  newly  prepared 
243  types  of  tablets  with  different  compression  pressures  for 
81 API types, and measured the TS and DT after storage. In 
addition,  we  measured  the  change  in  tablet  thickness  before 
and  after  the  accelerated  test  and  the  swelling  characteristics, 
which  is  one  of  the  properties  strongly  related  to  the  disinte-
gration mechanism,24) and  the obtained data was added to our 

previously constructed material library.
(2)  Comparison  of  ML  types.  We  have  applied  two  ML 

types,  namely  RF  and  BT,  which  use  ensemble  learning  and 
decision trees.21) Because the best algorithm is case-by-case 
and is highly dependent on multiple factors relevant to data-
sets  and  objectives,11)  we  also  focused  on  the  following  ML 
types: boosted neural network  (BNN), SVM, k-nearest neigh-
bor algorithm (kNN), Ridge regression, least absolute shrink-
age and selection operator (LASSO), and elastic net. These 
ML  techniques  have  been  widely  applied  in  other  fields,25–29) 
and may have higher prediction accuracy than BT and RF. 
However,  they  have  rarely  been  applied  in  the  field  of  oral 
solid dosage form development.11)

(3) Effect of molecular descriptors on tablet properties. Mo-
lecular descriptors are molecular properties computationally 
calculated from molecular structures and are characteristic 
values related to molecular features.30) They have been used in 
fields such as quantitative structure–property relationships and 
have  been  shown  to  be  useful  in  predicting  various  physical 
properties.31) We have also reported their usefulness in pre-
dicting tablet density and the true density of the API,22) and 
they may be relevant to other tablet properties as well. Howev-
er,  there  are  still  no  papers  evaluating  the  effect  of molecular 
descriptors on  tablet properties. A database containing a wide 
variety of APIs is needed to evaluate the influence of molecu-
lar  descriptors,  but  such  a  database does not  exist  in  the field 
of pharmaceutical science, and thus has not been examined.
The  purpose  of  this  study  was  to  develop  a  model  of 

predicting tablet properties after the accelerated test and to 
determine  whether  molecular  descriptors  affect  tablet  proper-
ties.  In  this  study,  new material  properties were  added  to  our 
previously constructed database. To evaluate the relationship 
between  molecular  descriptors  and  tablet  properties,  feature 
importance was calculated using RF. In addition, models with 
and  without  molecular  descriptors  were  constructed  using 
multiple  ML  methods,  and  the  prediction  accuracies  were 
compared. This allowed us  to evaluate how  the prediction ac-
curacy of tablet properties changes depending on the molecu-
lar descriptors.

Experimental
Materials   Eighty-one  types  of  model  APIs  were  pur-

chased from FUJIFILM Wako Pure Chemical Corporation 
(Osaka, Japan), Tokyo Chemical Industry Co., Ltd. (Tokyo, 
Japan), or Yamamoto Corporation Co., Ltd. (Osaka, Japan). 
Several  APIs  were  ground  in  a  mortar  and  pestle  to  reduce 
their  particle  size  (as  they were  too  large  for  direct  compres-
sion). Microcrystalline cellulose (MCC; Ceolus PH-101, Asahi 
Kasei Chemicals Co. Ltd., Tokyo, Japan) and magnesium stea-
rate (Mg-St; FUJIFILM Wako Pure Chemical Corporation) 
were purchased from commercial suppliers.

Preparation of Tablets  The tablets contained 100 mg 
API, 98 mg MCC, and 2 mg Mg-St (50% API, 49% MCC, and 
1% Mg-St).  A  mixture  of MCC  and Mg-St  was  prepared  for 
81 APIs, and  then  the mixture was mixed with each API,  i.e., 
343 g  of  MCC  and  7 g  of  Mg-St  were  mixed  in  a  polyethyl-
ene  (PE)  bag  for  1 min,  and  2.5 g  of  the  mixture  was  mixed 
with  2.5 g  of API  in  a  PE  bag  for  1 min.  The  final  blend was 
directly compressed into round-faced tablets (200 mg, 8 mm 
diameter and 12 mm radius of curvature) using a tableting ma-
chine equipped with a  load cell  (AUTOTAB-100W,  Ichihashi-
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Seiki  Co.,  Ltd.,  Kyoto,  Japan).  Samples  were  manually  filled 
into the die, and the compression pressure was set at 120, 160, 
and 200 MPa.

Evaluation of TS, DT, and Change in Tablet Thickness 
after Accelerated Test   The  accelerated  test  was  performed 
by storing the tablets at 40 °C and 75% relative humidity for 
two weeks in a stability chamber (CSH-110; ESPEC Company, 
Osaka, Japan). The samples were then stored in a desiccator at 
room temperature for at least 24 h. After that, the TS and DT 
were measured by the following methods.
The  hardness  and  thickness  of  the  tablets were  determined 

with  a  tablet  hardness  tester  (Portable  checker  PC-30;  Okada 
Seiko, Tokyo,  Japan) and a digital micrometer caliper  (MDQ-
30M, Mitutoyo Corporation, Tokyo, Japan), respectively. The 
TS was determined according to the following equation32): 
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where F is the maximal diametrical crushing force, and D, t, 
and W are the tablet diameter, tablet thickness, and the thick-
ness of the band part, respectively. The TS value of each API 
was  measured  in  triplicate.  Each  set  of  data  reported  is  the 
average of the triplicate measurements.

The change in tablet thickness before and after the acceler-
ated test were calculated according to the following equation: 
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where  tbefore and tafter are thickness before and after the accel-
erated test, respectively.
The  disintegration  test  was  performed  according  to  the 

Japanese Pharmacopoeia, 18th edition (JP18) disintegration 
test for tablets, using a disintegration tester (NT-20H; Toyama 
Sangyo  Co.,  Ltd.,  Osaka,  Japan)  and  purified  water  (as  sol-
vent) at 37 ± 2 °C. Discs were not used. DT was defined as the 
interval required for the complete disappearance of a tablet or 
its particles from the tester net. The DT values of each of the 
APIs were measured  in  triplicate. Each set of data  reported  is 
the average of triplicate measurements. The logarithmic trans-
formation of DT (log DT) was  applied  for  normalization.  The 
log DT  values  of  the  tablets  that  did  not  disintegrate  within 
30 min  were  taken  as  7.495  (DT = 30 min)  in  the  following 
analysis.

Evaluation of Swelling Behavior   The  swelling  behavior 
of  the  tablets  was  measured  using  NEW  GRANO  (Okada 
Seiko) according to a published method,33)  with  some  modi-
fication.  The  sponge,  mesh,  tablets,  and  lid  were  set  inside  a 
cylindrical  tube  in  that  order.  The  parts  were  then  immersed 
in  a  water  bath,  and  as  the  tablets  began  to  swell,  the  load 
generated  by  this  on  the  lid  was  measured  over  time  with  a 
load  cell.  For  the  swelling  behavior  measurements,  flat-faced 
tablets  compressed  at  200 MPa  with  a  tableting  machine 
(AUTOTAB-100 W,  Ichihachi-Seiki  Co.,  Ltd.)  were  used. 
Swelling behavior varies with tableting pressure, but it is diffi-
cult to evaluate the relationship between these two parameters 
(tableting pressure and swelling behavior) because of the enor-
mous amount of time required for measurement. Therefore, 
swelling  behavior was  evaluated  only  for  tablets with  a  com-
pression  pressure  of  200 MPa.  The  formulation was  the  same 
as that used for the hardness and disintegration time measure-
ments.  Swelling  behavior was  evaluated  for  tablets  before  the 

accelerated  test. The maximum  swelling  force,  swelling  time, 
and swelling rate were calculated from the measurements. The 
swelling  time  is  the  time  required  to  generate  a  load  of  half 
the maximum swelling force, and the swelling rate is the value 
obtained  by  dividing  the  maximum  swelling  force  by  twice 
the  swelling  time,  referring  to  previous  studies.33)  The  swell-
ing  behavior  was  measured  until  equilibrium  was  reached, 
but  the  maximum  measurement  time  was  limited  to  30 min 
because  the  swelling  force  continued  to  increase  slightly  for 
some APIs. Because the time of swelling onset differed signif-
icantly according to API, the starting point was defined as the 
time  when  a  load  of  approximately  1 N  was  applied.  Eighty-
one types of our database have been constructed so far, but 
only  73  types  of  tablets were measured  for  swelling  behavior 
in  this  study  due  to  limited  raw  materials  and  time.  When 
building the ML model, to compensate for missing values 
for the APIs that could not be measured because they did not 
follow  a  normal  distribution, we  used  the median  of  all  data. 
Swelling  behavior measurements were  taken  three  times,  and 
the  average  value  of  each  swelling  property  was  calculated. 
For  two  types  of APIs  (streptomycin  sulfate  and  norfloxacin), 
it was not possible  to perform the experiment  three  times and 
the number of measurements was limited to two.

Constructed Database   The  newly  measured  data  from 
this  study  were  added  to  our  previously  constructed  data-
base.20–22) The database contains information on 81 API types. 
A summary is given below.
(1)  The  24  types  of  material  properties  included:  change 

in  tablet  thickness,  maximum  swelling  force,  swelling  rate, 
swelling  time,  API  form  (salt  or  free  form),  powder  particle 
diameters at the 10th, 50th, and 90th percentiles of the cu-
mulative percent undersize distribution (d10, d50, and d90), 
modal diameter, span ((d90−d10))⁄d50), bulk density and 
tapped density, Hausner ratio, loss on drying, in-die elastic 
recovery,  true  density,  solubility,  hygroscopicity,  water  ad-
sorption rate, total surface energy, polar surface energy, and 
dispersive  surface  energy. Molecular weight  and  the  partition 
coefficient (log P) were obtained from PubChem (https://www.
ncbi.nlm.nih.gov/pccompound).  Although  molecular  weight, 
log P, and solubility are close to being molecular descriptors, 
they were considered material properties in this study.
(2)  Among  the  3381  types  of  molecular  descriptors  were 

two-dimensional  (2D)  molecular  descriptors  generated  using 
Dragon (v7.0.8, Talete srl, Milano, Italy). The descriptors 
included various constitutional indices, ring descriptors, topo-
logical indices, connectivity indices, extended topochemical 
atom indices, and others.
(3)  Process  parameters:  the  compression  pressure  at  three 

levels, namely 120, 160, and 200 MPa.
(4)  The  tablet  properties  included  were  TS  and  DT  before 

and after the accelerated test.
Construction of Prediction Model for TS and DT after 

Accelerated Test Using ML  Eight ML types, i.e., BT, RF, 
BNN, SVM, kNN, Ridge regression, LASSO, and elastic net, 
were  performed  using  the Model  Screening  platform  in  JMP 
Pro (version 16, SAS Institute Inc., Cary, NC, U.S.A.). Excel-
lent literature has been published on ML,11,29) and therefore we 
have omitted details in this paper.

TS or log DT  after  the  accelerated  test  was  selected  as 
an  objective  variable  in  ML.  A  large  number  of  explana-
tory variables can lead to enormous computation time and 
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overlearning;  therefore,  only  the  25  features  with  the  high-
est  importance  were  used  as  explanatory  variables  (see  next 
section for feature importance). In linear models such as the 
Ridge  regression,  LASSO,  and  elastic  net,  a  model  was  also 
constructed  in which  the  squared and  interaction  terms of  the 
features were  included  as  explanatory  variables.  All  explana-
tory variables were standardized to make the scales uniform.

Estimation of Feature Importance  The feature impor-
tance values for TS and log DT  after  the accelerated  test were 
calculated based on RF, using the predictor screening platform 
in  JMP  Pro  (version  16,  SAS  Institute  Inc.).  RF was  selected 
as  the  feature  selection  method  because  of  its  relatively  low 
computational cost among nonlinear ML methods and its clear 
method of calculating feature importance. That is, the effect of 
a total of 3406 features including 24 material properties, 3381 
molecular descriptors, and the compression pressure on each 
tablet  property  was  calculated.  The  number  of  decision  trees 
in the model was set to 1000.

Prediction Accuracy of the Constructed Model  Each 
model  was  constructed  using  holdout  validation.  Data  sets 
were  split  into  the  following  three  subsets:  training,  valida-
tion, and test sets. The training set consisted of 60% of all 
cases and was used for model construction. The validation set 
(20% of  all  cases) was  required  to  determine  the  optimal  hy-
perparameters. The  test set  (20% of all cases) was required  to 
evaluate  the predictive ability of  the unknown samples. Using 
stratified  random sampling,  the  sample was  randomly divided 
into a training set, a validation set, and a test set. That is, 
the  data were  divided  so  that  the  distribution  of  the  objective 
variables (TS and log DT after the accelerated test) was identi-
cal  in all subsets. The stratified random sampling method was 
repeated five  times,  and five  kinds  of  subsets were  created  to 
evaluate the extent of variation in the prediction accuracy of 
the model and the relative importance of the explanatory vari-
ables according to the combination of the selected samples. 
R2 and the root mean square error (RMSE) were calculated to 

quantitatively evaluate prediction accuracy.

Results and Discussion
Distribution of Properties Newly Added to the Data-

base   To  characterize  the  six  new  properties  added  to  our 
database, e.g., TS and DT after the accelerated test, maximum 
swelling  force,  swelling  time,  swelling  rate,  and  tablet  thick-
ness  change,  we  evaluated  the  distribution  of  each  property. 
Histograms  of  each  characteristic  are  shown  in  Fig.  1.  TS 
and  DT  after  the  accelerated  test  are  shown  at  a  compres-
sion pressure of 160 MPa (Fig. 1). All of the characteristic 
showed  a  wide  distribution,  and  it  was  confirmed  that  each 
characteristic  varied  significantly  depending  on  the  API.  For 
example, focusing on TS after the accelerated test, ranitidine 
hydrochloride showed the lowest value of 0.23 MPa, indicating 
low tablet hardness. By contrast, neomycin sulfate showed the 
highest value of 13.98 MPa, indicating that it is a very hard 
tablet. In log DT after the accelerated test, acetylsalicylic acid 
showed the lowest value at 2.51, indicating that the tablets dis-
integrated quickly  in water. By contrast,  atenolol,  probenecid, 
and gamma oryzanol had the lowest disintegration and did not 
disintegrate after 30 min.
Carbamazepine,  probucol,  and  roxithromycin  showed  the 

lowest tablet thickness change of approximately 1.5%, with al-
most no change in tablet thickness before and after the accel-
erated  test.  By  contrast,  ranitidine  hydrochloride  showed  the 
largest tablet thickness change, with tablets expanding by 21% 
after the accelerated test. The second-largest change in tablet 
thickness  was  observed  with  sodium  salicylate  at  9.9%,  and 
the median  tablet  thickness  change was  3.2%,  indicating  that 
ranitidine hydrochloride had by far the largest tablet thick-
ness  change.  Ranitidine  hydrochloride  is  known  to  be  hygro-
scopic,34)  and  this  property may have  resulted  in  a  significant 
change in tablet thickness and lower TS after accelerated test.
A  typical  example  of  swelling  behavior  is  shown  in  Fig. 

2.  The  swelling  behavior  differed  greatly  among  the  APIs. 

Fig. 1. Histograms and Box Plots of (a) TS and (b) Log DT after the Accelerated Test, (c) Thickness Change, (d) Maximum Swelling Force, (e) Swell-
ing Time, and (f) Swelling Rate
The center of the diamond in the box plot represents the mean, and the two ends of the diamond represent the 95% confidence interval of the mean. The square brackets 

shown outside the box plot indicate the shortest range where 50% of the data is dense.
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For example, D-naproxen  and  theophylline  swelled  rapidly, 
whereas  L-valine  swelled  slowly  and  calcium  pantothenate 
hardly  swelled  at  all.  Both  D-naproxen and theophylline 
swelled quickly, but  the maximum swelling force differed sig-
nificantly, with D-naproxen  having  a  greater maximum  swell-
ing force than theophylline. Among the APIs measured in this 
study,  naproxen  showed  the  highest  maximum  swelling  force 
of 54 N, and calcium pantothenate showed  the  lowest swelling 
force of 1.2 N. Mebendazole showed the shortest swelling time 
and isoniazid the longest. Mebendazole swelled the fastest and 

isoniazid the slowest.
Correlation between Properties   To  evaluate  how  TS 

and log DT varied before and after the accelerated test, scatter 
plots  were  prepared  for  each  tablet  property  before  and  after 
the  accelerated  test  (Fig.  3).  The  coefficient  of  TS  determina-
tion  before  and  after  the  accelerated  test  showed  0.491–0.657. 
For  the DT,  the  coefficient  of  determination was 0.696–0.728. 
The  results  were  linear  to  some  extent,  but  there  were  also 
many samples that deviated from the straight line (Fig. 3). 
These  results  confirm  that  although  the  properties  were  gen-
erally  similar  before  and  after  the  accelerated  test,  there  was 
some degree of variation, and the properties changed before 
and after the accelerated test.
To  confirm  whether  the  newly  added  material  properties 

can  evaluate  APIs  from  a  different  perspective,  we  evaluated 
the  correlation  with  the  property  values  obtained  so  far.  The 
correlation  coefficients  between  all  properties  are  shown  in 
Fig.  4.  In most  cases,  the  correlations  between  properties  are 
low.  Even  in  the  case  of  the  highest  correlation,  the  correla-
tion coefficient was −0.720, but in most cases, the correlation 
between  properties  was  low.  In  addition,  a  principal  compo-
nent  analysis was  performed. The  results  of  the  analysis with 
principal  components  showed  that  up  to  the  third  principal 
component  explained  55.3%  of  the  data  when  the  previously 
constructed database was used. By contrast, with  the addition 
of  the  four  new  material  properties,  the  amount  of  data  that 
could be explained by the third principal component dropped 

Fig.  2.  Typical Example of Tablet Swelling Behavior
The results shown are individual values from three repeated measurements.

Fig. 3. Scatter Plot of (a) TS and (b) Log DT before and after the Accelerated Test, Respectively
Each point represents a specific API, and  the figure shows the results of  the  tablets studied for 81 different APIs. All  tablet  formulations are  identical. Regression  lines 

and their 95% confidence intervals were calculated by single regression analysis.
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to 51.5%. This suggests that more dimensions are needed to 
explain the data and that the database could be expanded by 
adding  new material  properties. The  features  that  contributed 
significantly to each principal component were as follows: first 
principal  component: d10, mode diameter, maximum swelling 
force; second principal component:  log P, total surface energy, 

polar  surface  energy;  third  principal  component:  molecular 
weight, loss on drying, swelling time.

Feature Importance   Figure  5  shows  the  top  25  features 
in terms of feature importance for TS and log DT after the 
accelerated test calculated by RF. Of the 25 features for TS 
after  the  accelerated  test,  18  were  molecular  descriptors,  six 

Fig.  4.  Correlation Matrix between Material Properties

Fig. 5. Feature Importance for (a) TS and (b) Log DT after the Accelerated Test Calculated Using Random Forest
Of the 3,406 feature types, only 25 results with the highest feature importance are shown.
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were material  properties,  and one was  a  process  variable. For 
log DT  after  the  accelerated  test,  14  were  molecular  descrip-
tors, 10 were material properties, and one was a process vari-
able.  Molecular  descriptors  had  a  significant  effect  on  both 
tablet properties. Because after  the accelerated  test  there were 
slightly more important molecular descriptors for TS than for 
log DT,  it  is  likely  that TS after  the  accelerated  test was more 
closely related to the molecular descriptors. In particular, for 
TS  after  the  accelerated  test,  the  top  two  features  were  mo-
lecular  descriptors,  whereas  for  log DT after the accelerated 
test, the top two features were material properties.
As far as molecular descriptors are concerned,  it  is difficult 

to  consider  the mechanism of  their  effect on  tablet properties. 
By contrast, we can infer to some extent the reason that mate-
rial  properties  and  compression  pressure  affect  tablet  proper-
ties. In TS after the accelerated test, features other than mo-
lecular  descriptors  that made  it  into  the  top  25  features were 
maximum swelling force, d10, d50, modal diameter, compres-
sion pressure, and hygroscopicity. The d10, d50, and modal 
diameter are physical properties expressing particle size. In 
general,  the  finer  the  particle  size,  the  higher  the  specific 
surface area and the more contact points between particles, re-
sulting  in higher hardness. Besides  its significant effect on TS 
before the accelerated test,21) the particle size is also thought 
to  have  a  significant  effect  on  TS  after  the  accelerated  test 
because there is some correlation between TS before and after 
the accelerated test. In general, the higher the compression 
pressure, the less porosity there is in the tablet and the more 
contact  points  there  are  between  the  particles,  resulting  in 
higher hardness. The higher  the maximum swelling  force,  the 
more  the  tablets  swelled  during  the  accelerated  test  and  the 
more the voids increased, which is believed to break the bonds 
between the particles and make them more brittle. In addition, 
a  higher  hygroscopicity  is  believed  to  have  affected  the  hard-
ness of  the  tablets by encapsulating more water  in  the  tablets, 
thereby promoting tablet swelling.

As for log DT  after  the  accelerated  test,  the  swelling  time, 
swelling  rate,  hygroscopicity, water  adsorption  rate,  compres-
sion pressure, tapped density, total surface energy, loss on 
drying, in-die elastic recovery, bulk density, and maximum 
swelling  force were  found  to be  important  features. There are 
two  mechanisms  of  tablet  disintegration,  swelling  and  wick-
ing.  Swelling  is  a  phenomenon  in  which  particles  expand  in 
all  directions  and  push  adjacent  components  apart,  thereby 
breaking up the tablet matrix.35) In general, the faster the 
swelling rate, the higher the swelling force, and the shorter the 
swelling time, the shorter the DT. For example, Colombo et al. 
prepared 21 different tablets with different API types, formula-
tions,  and  tableting pressures,  and  evaluated DT and  swelling 
behavior.33) They found a negative correlation between DT and 
swelling rate. Wicking is a phenomenon in which liquid enters 
the microscopic pores in the tablet by capillary action and 
displaces air.35)  Therefore,  it  is  reasonable  that  the  swelling 
time, swelling rate, and water adsorption rate had a significant 
impact. The surface free energy is also strongly related to the 
wettability of  the particle surface and has been reported  to be 
related to DT in the oral cavity.36) The higher the compres-
sion pressure, the less void space and the higher the tablet 
hardness, which may have affected  the DT by making  it more 
difficult  for water  to  penetrate  the  tablet.  Hygroscopicity was 
also important in the DT before the accelerated test, and the 

higher  the  hygroscopicity,  the  slower  the DT.  This  is  thought 
to be caused by extremely high hygroscopicity results in high 
particle-water  bonding,  creating  a  particle–water–particle 
bond  that  prevents  particles  from  dispersing  into  the  water 
when  water  infiltrates.  As  for  the  other  material  properties, 
the  detailed  mechanism  is  not  known,  but  it  is  assumed  that 
the accelerated test may be involved in the phenomenon, as 
the  swelling  and  hydraulic  conductivity  may  be  increased  or 
decreased by the accelerated test, thereby changing the DT.
To  evaluate  how  feature  importance  changes  before  and 

after  the  accelerated  test,  a  similar  study  was  conducted  on 
TS and log DT before the accelerated test (Supplementary Fig. 
S1). When we focus on the ordinal order of material properties 
and compaction pressure, both tablet properties are similar to 
our previous results,21) but for log DT, the material properties 
related  to  swelling  behavior,  which were  newly  added  in  this 
study,  had  the  strongest  effect.  The  results  in  Supplementary 
Fig. S1 also show that molecular descriptors have a significant 
effect on TS and log DT even before the accelerated test. How-
ever,  the order of  the  important  features was  found  to  change 
slightly. For TS, the rankings of particle size and compaction 
pressure  increased,  while  the  ranking  of  maximum  swelling 
force and hygroscopicity decreased. For log DT,  the  swelling 
rate became by  far  the most  influential  factor,  and  the  contri-
bution of maximum swelling force also increased, whereas the 
ranking of hygroscopicity decreased. The change in feature 
importance before and after the accelerated test may be be-
cause of the tablets absorbing moisture during the accelerated 
test,  which  changed  the  internal  structure  of  the  tablets  and 
the properties of the particles. Therefore, it is a plausible result 
that the importance of hygroscopicity has decreased.

Evaluation of Prediction Accuracy of the Model  Figure 
6  shows  the  prediction  accuracy  of  the  test  set  for  each ML 
type,  when  the  top  25  features  including  molecular  descrip-
tors, material properties, and compression pressure are used 
as explanatory variables. For both tablet properties after the 
accelerated  test,  BNN  showed  the  best  prediction  accuracy. 
The  model  constructed  using  BNN  showed  coefficients  of 
determination of 0.850 and 0.873 for TS and log DT after the 
accelerated  test,  respectively.  RMSE  showed  1.16 MPa  and 
0.503 for TS and log DT after the accelerated test, respectively, 
indicating  that  it  can  predict  with  high  accuracy.  Other  ML 
models  could  also  be  constructed  with  a  certain  degree  of 
high accuracy. With respect to regularized regression models 
such as elastic net, LASSO, and Ridge regression, in most 
cases,  models  with  squared  and  interaction  terms  were  more 
predictive  than  those  with  main  effects  only.  In  other  words, 
the  relationship  between  features  and  tablet  properties  was 
nonlinear  and  complex,  with  antagonistic  and  synergistic 
effects  occurring.  Our  previous  studies  have  shown  that  the 
interaction between material properties and tableting pressure, 
as well as  the square  term, affect  tablet properties,37) which  is 
also  consistent with  the  trend. With  respect  to  the  variability 
in prediction accuracy, the regularized regression model for 
TS showed more variability  than  the other ML methods. This 
indicates that the combination of training, validation, and test 
sets could vary prediction accuracy significantly. However, we 
were  unable  to  determine what  characteristics  of  the  data  set 
caused the significant decrease in prediction accuracy.

The prediction accuracy of the ML model that did not 
include molecular descriptors and consisted of 25 features 
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of  24  material  properties  and  compression  pressure  was  cal-
culated,  and  the  prediction  accuracy  was  compared  with  a 
model  that  included  molecular  descriptors  (Fig.  6).  As  with 
the models containing molecular descriptors, BNN showed the 
best  prediction  accuracy.  The  BNN model  without  molecular 
descriptors  showed  coefficients  of  determination  of  0.847  and 
0.822 for TS and log DT after the accelerated test, respectively. 
RMSE  showed  1.17 MPa  and  0.592  for  TS  and  log DT after 
the accelerated test, respectively. The prediction accuracy for 
TS  was  almost  equal  to  the  model  with  molecular  descrip-
tors, and for log DT,  the model with molecular descriptors was 
slightly more accurate than the model without. In other words, 
this result indicates that the material properties in this data-
base  could  be  substituted  with  molecular  descriptors.  Mate-
rial properties are mainly based on experimentally measured 
physical  properties,  which  are  often  very  costly  to  acquire. 
Molecular descriptors, on the other hand, are computationally 
calculated values and can be easily obtained. Incorporating 
molecular descriptors into the model eliminates the need to 
measure several material properties and reduces the cost of 
constructing a tablet property prediction model.
As  tablet  hardness  is  generally  affected  by  particle  proper-

ties  such  as  the  van  der  Waals  forces  between  particles  and 
the  DT  value  is  affected  not  only  by  wettability,  swelling, 
and wicking  property  but  also  by  strain  recovery  and  heat  of 
interaction,24) molecular descriptors may be related to these 
property values. For example, it has been reported that a sur-
face  property  such  as  the  water  contact  angle  for  APIs  may 
be related to molecular descriptors.38)  Furthermore,  we  have 
shown  that  the  true  density  of  the  API  is  strongly  correlated 
with  the  molecular  descriptor.22)  Therefore,  with  respect  to 
other particle properties, they may also be closely related to 
the molecular structure. In particular, the addition of molecu-
lar descriptors for DT slightly improved the prediction accu-

racy, suggesting that there is a relationship between molecular 
descriptors and material properties that are not included in our 
database.
The  prediction  accuracy  was  also  evaluated  for  TS  and 

log DT before the accelerated test (Supplementary Fig. S2). 
The  tablet  properties  before  the  accelerated  test  were  also 
predicted  with  high  accuracy.  For  TS  before  the  accelerated 
test, SVM, BNN, and BT had the highest prediction accuracy, 
in that order. For log DT, BNN, SVM, and BT had the highest 
prediction accuracy, in that order. Similar to the results after 
the accelerated test, the model including molecular descriptors 
could  predict  tablet  properties  with  high  accuracy,  indicating 
the possibility of reducing the number of material properties 
to  be  measured.  However,  in  some  cases,  models  consisting 
only of material properties and compression pressure had a 
slightly higher prediction accuracy. This may suggest that the 
molecular descriptors are more relevant to the properties of 
the tablets after the accelerated test.

Relationships between the Number of Features and Pre-
diction Accuracy   We evaluated how much we could  reduce 
the number of features to be included in the prediction model 
by. Based on  the  results  in Fig.  5, we gradually  increased  the 
number  of  features  with  high  importance  and  evaluated  the 
prediction  accuracy.  This  time,  we  added  three  features  each 
and evaluated the prediction accuracy of the test set. Figure 
7 shows  the  relationships between  the number of  features and 
the prediction accuracy. For prediction accuracy calculations, 
only  one  test  set  was  examined  as  an  example.  The  predic-
tion accuracy of the test set reached its head at approximately 
15–18  features  for  both  tablet  properties.  In  other  words, 
seven of the 25 features contribute little to the prediction. In 
the future, the measurement of less important features can be 
omitted when adding new APIs and updating  the database by 
identifying  the  features  necessary  for  prediction  in  this  way, 

Fig. 6. Prediction Accuracy of (a) TS and (b) Log DT after the Accelerated Test in Each ML Method
Prediction accuracy was calculated using a  test  set consisting of unknown sample data. The prediction accuracy  for each  test  set was calculated five  times  in different 

combinations. The figure shows the mean and standard deviation.
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thereby helping  to  improve  the  efficiency of  constructing pre-
diction models.

Conclusion
We  constructed  a  new  material  library  that  included  81 

model APIs. It included 3381 types of molecular descriptors, 
24 types of API material properties, and the TS and DT val-
ues obtained with three different compression pressures before 
and  after  the  accelerated  test.  The  RF  showed  that  not  only 
material properties and tableting pressure, but also molecular 
descriptors  have  a  significant  impact  on  TS  and DT  after  the 
accelerated  test.  Compared  with  the  model  with  24  types  of 
material properties and compression pressure, the model using 
the 25 most important features including molecular descrip-
tors,  material  properties,  and  compression  pressure  showed 
comparable  prediction  accuracy  with  respect  to  TS  after  the 
accelerated test. With respect to DT after the accelerated test, 
the model with molecular  descriptors  had  a  higher  prediction 
accuracy  than  the  one  without  molecular  descriptors.  It  was 
also  shown  that  a model with  approximately  15–18  important 
features is sufficient for building a highly accurate model, and 
that further increasing the number of features does not signifi-
cantly improve the prediction accuracy. Molecular descriptors 
are obtained computationally, and thus have the potential of 
reducing the cost of measuring the material properties needed 
to build a predictive model of tablet properties after the ac-
celerated test. This study demonstrated that a data-driven 
approach  was  effective  in  discovering  complex  relationships 
hidden in complex, large data sets and in predicting tablet 
properties after the accelerated test.
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